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ABSTRACT

Rainfall kinetic energy is an important parameter to estimate erosion potential in connection to soil erosion

or in the recent years to the erosion of the leading edges of wind turbine blades. Little is known about the

seasonal drop size distribution and fall velocity dependence of rainfall kinetic energy as well as its relationship

with wind speed. Therefore, 6 years of Thies Laser Precipitation Monitor disdrometer and wind mea-

surements from Voulund, a field site in western Denmark, were analyzed. It was found that the rainfall

kinetic energy was highest in summer due to higher drop concentrations and in autumn due to more time

with rain. The rainfall kinetic energy peaked for drop diameters between 0.875 and 2.25 mm independent

of the season. Rainfall kinetic energy decreased significantly with increasing wind speed, if considering

the vertical fall speed of the drops for the calculation of the rainfall kinetic energy. However, it should be

noted that the measurement uncertainty increases with increasing wind speed. As disdrometer obser-

vations are rarer than rain rate observations, the performance of empirical equations describing the re-

lationship between rainfall kinetic energy rate and rain rate was investigated. It was found that an

equation trained with an alternative method fulfilled the statistical requirements for linear regression and

had a similar error compared to equations in the literature. Based on the analyses, it can be concluded that

the erosion potential due to rainfall kinetic energy is highest between June and November at low wind

speeds and high rain rates.

1. Introduction

Rainfall kinetic energy (KE) is a dominant factor for

erosion processes, because KE provides energy for the

detachment of particles from the surface. A prominent

example is soil erosion where rainfall beside other envi-

ronmental influences causes soil degradation (Wischmeier

and Smith 1958; Naipal et al. 2015; Panagos et al. 2015).

Another example is erosion of the leading edges of wind

turbines blades. This kind of blade degradation depends

on the raindrop size (Keegan et al. 2013; Mishnaevsky

2019) and the rotation of the blades, which adds significant

additional velocity for the drop impact (Amirzadeh et al.

2017). Bech et al. (2018) propose to reduce the tip speed of

the wind turbine blades during severe rain events to re-

duce leading edge erosion (LEE). Detailed quantification

of the rain climate, in particular of KE and drop size dis-

tribution (DSD) as well as its interaction with wind speed

in different environments is needed for improved under-

standing of LEE.

KE itself is a function of DSD and fall velocity of the

drops. The only direct way to determine KE is by

counting the number of drops and observing their sizes

and fall velocities. Kathiravelu et al. (2016) give an

overview of different methods to measure DSD and fall

velocity of the drops where nowadays disdrometers are
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the most common instrument for DSD observations.

However, one has to keep in mind that only drops with a

diameter up to 1 mm have a spherical shape. Larger

drops are flattened and therefore more like an ellipsoid.

Gravity, buoyancy, and drag force govern the fall

velocity of a drop in still air where the diameter and

the shape of the drop determine the value (Jones et al.

2010). Terminal fall velocity is achieved when the

buoyancy and the drag force balance gravity. DSD

varies between different locations (e.g., Dolan et al.

2018), within rain events (e.g., D’Adderio et al. 2018)

and between seasons (e.g., Wen et al. 2019). The

causes for these spatiotemporal variations are mainly

precipitation formation processes (warm versus cold

clouds) and coalescence or breakup of drops due to

collision. These processes also determine observed

differences between convective and stratiform events

(e.g., Suh et al. 2016) and between maritime and

coastal locations (e.g., Das and Chatterjee 2018),

where for the latter the aerosol concentration plays

an important role. Bringi et al. (2003) compare DSD

measured at different locations around the globe and

find for convective rain a maritime-like cluster with a

mass-weighted mean diameter Dm between 1.50 and

1.75 mm and a continental-like cluster with Dm be-

tween 2.00 and 2.75 mm. In contrast, for stratiform

rain they find no clear difference between maritime

and continental locations. The variations of DSD

imply that KE also changes with space and time. One

of the few examples illustrating the seasonal variation

of KE in Europe is published by Davison et al. (2005).

They report higher KE values in late summer and

autumn in England and Wales using an empirical

equation between daily rainfall amount and KE. An

important but often neglected parameter influencing

the drop fall velocity and DSD is wind speed. Montero-

Martínez and García-García (2016) and Thurai et al.

(2019) report that in situations with high wind speeds

the distribution of fall velocity values is broader and

drops tend to have a lower fall velocity compared to

situations with calm wind conditions. Thurai et al.

(2019) mention the asymmetric shapes of drops within

these situations as a possible cause. Furthermore, Testik

and Pei (2017) show an increase of small drops and de-

crease of large drops with increasing wind speed due to

increased breakup of drops with increasing wind speed.

Pedersen and Hasholt (1995) find an increase of KE with

increasing wind speed based on rain gauge data and cal-

culations of KE with an exponential model. However, the

direct impact of wind speed onKE due to variations of fall

velocity and DSD is not well described in literature.

Disdrometers are usually not part of operational me-

teorological measurement networks. Therefore, several

parameterizations for DSD and fall velocity exist in

literature. Prominent examples for DSD distributions

are the gamma distribution (Ulbrich and Atlas 1998),

where the exponential distribution is a special case,

and the lognormal distribution (Feingold and Levin

1986). Testud et al. (2001) propose doing a normali-

zation of the raindrop spectra for improving the

comparability of the DSD. The suggested parameters

volume-weighted mean diameterDm and generalized

intercept parameter NW describe the DSD and have

the advantage that no specific distribution needs to be

assumed. An overview of equations for calculation of

the terminal fall velocity is given by Jones et al.

(2010). Fox (2004) expresses rainfall KE and rain rate

(RR) with the gamma distribution and the terminal

drop velocity described by Ulbrich (1983) but finds no

clear relationship between KE and RR.

The attempt of Fox (2004) is not surprising as the

availability of RR is higher because of the worldwide

measurement network of rain gauges and weather

radars. This situation favors the use of empirical re-

lationships using RR as input to estimate KE. There

are several publications (e.g., Salles et al. 2002; van

Dijk et al. 2002; Petan et al. 2010; Angulo-Martínez
et al. 2016; Petr�u and Kalibová 2018) that list rela-

tionships between RR and KE for different areas of

the world, where KE is normalized either by time

(h) or rain amount (mm). While for countries in the

low and midlatitudes several equations are published,

less is known about KE–RR relationships in higher

latitudes. This gap may be due to the small influence

of rain on soil erosion in, e.g., northern European

countries (Veihe et al. 2003). Apart from that, most

empirical equations follow a power, logarithmic or

exponential form but often it is not clear why the

authors defined that kind of relationship and if as-

sumptions using this type of equation are fulfilled

(e.g., residual distribution). Furthermore, the time ag-

gregation of RR plays an important role in the KE–RR

relationship. Angulo-Martínez et al. (2016) demon-

strate that KE is underestimated if another time ag-

gregation of RR is used as compared to the input

time scale used for the calibration of the KE–RR

relationship.

The aim of this study is to determine conditions with a

high potential for high KE. Therefore, we analyze the

annual and seasonal variation of cumulative and aver-

aged 10-min KE values and the wind speed dependence

of KE. These variations are compared with the varia-

tions from DSD and fall velocity. Furthermore, we

propose a model to describe the relationship between

KE rate and RR and fulfilling assumptions related to

linear regression fitting. These investigations are based
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on 6 years of disdrometer measurements at a field site

in Denmark.

2. Data and methods

a. Disdrometer data and their quality control

Precipitation and other meteorological parameters

were measured at Voulund (56.03724268N, 9.1593578E,
67 m), a flat open area with a size of around 2000m2 and

no nearby obstacles, in western Denmark in connection

to theDanish hydrological observatory (HOBE) project

(Jensen and Illangasekare 2011). The focus of the

HOBE project was the investigation of the influence of

natural and anthropogenic changes on hydrological

processes within the Skjern River catchment. The

Danish Meteorological Institute (DMI) provided ac-

cess to precipitation, wind, and temperature mea-

surements fromFebruary 2012 toDecember 2017 (6 years).

Table 1 provides a detailed overview of the instrumen-

tation. The focus of our analyses is on the Thies Laser

Precipitation Monitor (LPM) disdrometer data.

The LPM disdrometer is an optical disdrometer

manufactured by the company Adolf Thies GmbH

and Co. KG in Germany. The precipitation particles

attenuate the laser sheet between the transmitter and

receiver when they fall through it. The risk of two

drops concurrent in the laser sheet is negligible (Pickering

et al. 2019). The laser operates at a wavelength of 785 nm

and is 228 mm long, 20 mm wide, and 0.75 mm high. An

internal algorithm calculates the equivolumetric diame-

ter and vertical fall velocity of every precipitation particle

and collates them into different classes considering 22

different size classes (from $0.125 to $8 mm) and 20

different velocity classes (from $0 to $10ms21) both

with varying class width. The time resolution of the

original data was 1 min. The other parameters provided

byDMI had a time resolution of 10min and therefore the

LPM data were aggregated in 10-min statistics for com-

patibility with the remaining available data.

Upton and Brawn (2008), Frasson et al. (2011), and

Angulo-Martínez et al. (2018) investigate in detail the

LPM disdrometer and its characteristics compared to

other precipitation sensors. The mentioned publications

show a discrepancy between measurements of the LPM

disdrometer and the other sensors. These differences

can be explained for example by signal processing,

splashing from the housing of the sensor or aerodynamic

effects of the sensor on the precipitation field. As the

precipitation is measured within a limited sampling area

of the disdrometer, the measured DSD and consequent

integral rainfall parameters include some uncertainty

(Jaffrain and Berne 2011).

Friedrich et al. (2013) emphasize the importance of

quality control of disdrometer data to remove back-

ground noise and unrealistic measurements caused for

example by insects. Furthermore, for the present in-

vestigation all precipitation types except rain were

removed although hail has a huge impact on the de-

velopment of LEE of wind turbine blades (Macdonald

et al. 2016; Letson et al. 2020). The criteria for the

applied quality control use LPM data itself but also

rain gauge and temperature measurements from the

field site and radar data provided by DMI. Radar data

for 3 3 3 pixels each with a size of 2 3 2 km2 were

available with a center pixel at the site of interest and

eight neighbor pixels. While the distance between the

LPM and the rain gauges was maximum 20m, the

distance between LPM and radar was around 53.8 km.

The center of the radar beam is around 716m above

the field site in Voulund assuming standard atmo-

sphere and an elevation angle of 0.58. LPM data were

removed based on the criteria listed in Table 2.

In some cases, e.g., criterion 9 in Table 2, quality

control by simple boundaries is not satisfying (Larsen

TABLE 1. Instrumentation at field site Voulund, Denmark.

Sensor Manufacturer

Measurement/orifice

height (m) Note

Laser Precipitation Monitor (LPM) Thies Clima 1.5

Pluvio2 OTT 0 WMO reference rain gauge at ground level

Pluvio2 OTT 3 WMO reference rain gauge shielded with a

Tretyakov windshield and surrounded with a

Valdai double fence from November to March

Pluvio2 OTT 1.5 WMO reference rain gauge unshielded

Pluvio2 OTT 1.5 WMO reference rain gauge shielded with a

Tretyakov windshield

Pluvio2 OTT 1.5 WMO reference rain gauge unshielded and operated

with solar panel

RIM7499 RIMCO 1.5

HMP45C Campbell Scientific 2

Wind speed sensor 2740 Aanderaa 1.5
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and Schönhuber 2018). Small dropswith a terminal velocity

outside a specific range of the terminal velocity can be

drops splashed from the housing asmentioned for example

by Angulo-Martínez et al. (2018). Montero-Martínez et al.
(2009) and Montero-Martínez and García-García (2016)

investigate the physical background of such superterminal

and subterminal velocities of smaller drops. In contrast to

Angulo-Martínez et al. (2018), they conclude that breakup
and coalescence processes of drops shortly before falling

through the laser sheet can cause such differences from the

terminal velocity.

Table 3 gives an overview of missing 1-min measure-

ments and removed 1-min measurements and drops for

each year. The LPM was not running in January and end

of December 2012 as well as end October 2014 to mid-

January 2015. These circumstances caused the high frac-

tions of missing values in 2012, 2014, and 2015. Con5

(1-min intensity , 0.1mmh21) caused the highest percent-

age of removed intervals and particles. Con6 (Cumulative

sum of drops , 10) affected in comparison to Con5

more intervals but less the number of removed particles.

A high percentage of particles were removed by Con3

(SYNOP code indicates snow), while the percentage

of removed intervals due to this criterionwasmuch lower.

Wind and precipitation data were only available with

10-min temporal resolution. Wind speed values are

mean values over 10 min. Wind speed and rain gauge

measurements were already quality controlled by DMI.

The yearly rain amounts of all precipitation sensors at

the field site were compared, neglecting other precipi-

tation types than rain (see figure in the online supple-

mental material). While the LPM measured the highest

yearly amounts, rain gauge RIM7499 registered 20%

and less rain. One cause might be that RIM7499 is a

tipping bucket with a resolution of 0.2 mm. Therefore,

rain events with a low intensity had not been measured

by RIM7499. Furthermore, it is known from different

intercomparison experiments (e.g., Sevruk et al. 2009;

Liu et al. 2013) that rain gauges even installed closely

together measure different amounts or rain rates. These

differences are caused for example by turbulence due to

wind and evaporation influences as well as by different

measurement principles.

b. Calculation of integral rainfall parameters

Integral rainfall parameters were calculated using the

quality controlled disdrometer data with a temporal res-

olution of 10 min. The equivolumetric diameter and the

fall velocity measured by the LPMwere used as input for

all equations, where the equivolumetric diameter de-

scribes the diameter of a spherical drop that has the same

volume as a flattened raindrop. For all calculations the

central values of the diameter (summation index i) and

fall velocity (summation index j) classes were used.

Rain rate (RR;mmh21) is based on the equation from

Frasson et al. (2011):

RR5
1
t

60

1

A

p

6
�
i

n
i
3D3

i , (1)

where Di is in decimeters (dm).

Rainfall kinetic energy per area (KE; Jm22) is based

on Petr�u and Kalibová (2018):

KE5
1

A

r3p

12
�
i
�
j

n
ij
3D3

i 3 y2j , (2)

where Di is in millimeters (mm).

Rainfall kinetic energy rate (KER; Jm22 h21) is cal-

culated with the following equation:

TABLE 2. Criteria used for quality control of the LPM disdrometer data.

Criterion Description Reference

1 Status of LPM indicates error

2 Surface synoptic observation (SYNOP) code (from table 4677) indicates hail Ghada et al. (2018)

3 SYNOP code indicates snow Ghada et al. (2018)

4 SYNOP code indicates freezing precipitation Ghada et al. (2018)

5 1-min intensity , 0.1mmh21 Tokay and Bashor (2010)

6 Cumulative sum of drops , 10 Tokay and Bashor (2010)

7 Data in less than five size–velocity combinations Inspired by Ghada et al. (2018)

8 Drops with a diameter . 8 mm Friedrich et al. (2013)

9 Drops with a diameter . 2 mm and with a fall velocity outside 660% of the terminal

velocity based on the equation of Atlas et al. (1973)

Inspired by Friedrich et al. (2013)

10 Rain gauges registers no precipitation and radar measures no reflectivity indicating

precipitation

11 All rain gauges register no precipitation and at least 7 radar pixels around the field site do

not indicate precipitation

12 Radar data are not available and rain gauges detect no precipitation

13 Precipitation at temperatures below the freezing point
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KER5
1
t

60

3KE. (3)

Rainfall kinetic energy per area per diameter [KE(Di);

Jm22mm21] is calculated using this equation:

KE(D
i
)5

1

A

r3p

12
�
j

n
ij
3D3

i 3 y2j

DD
i

. (4)

Following the equation in Chen et al. (2016), the number

of drops per unit volume of air and per diameter interval

[N(Di); m
23mm21] is calculated as

N(D
i
)5�

j

n
ij

A3Dt3 y
j
3DD

i

. (5)

Mean volumeweighted diameter (Dm; mm) is calculated

based on Bringi et al. (2003):

D
m
5
�
i

N(D
i
)3D4

i 3DD
i

�
i

N(D
i
)3D3

i 3DD
i

. (6)

Liquid water content (LWC; gm23) is calculated based

on Hagen and Yuter (2003):

LWC5 r3
p

6
3�

i

D3
i 3DD

i
3N(D

i
) (7)

with r in grams per cubic millimeter (gmm23).

The generalized intercept parameter (Nw; mm21m23)

is calculated based on Bringi et al. (2003):

N
w
5

44

p3 r
3

LWC

D4
m

. (8)

The above equations use the following parameters with

given units (if not indicated differently): r is the density

of water (kgm23); t is the time aggregation interval

(min); Dt is the time interval of the observation (s); A is

themeasuring area (m2); ni is the number of drops within

the diameter class i per time aggregation interval (con-

siders all fall velocity classes); Di is the mean drop di-

ameter in diameter class i (mm); DDi is the width of size

class i (mm); yj is the mean drop fall velocity in velocity

class j (m s21); and nij is the number of drops within the

size class i and velocity class j.

The calculation of the mean fall velocity Vm (m s21) is

not a standard integral rainfall parameter and is there-

fore not found frequently in literature. The following

used equations were refined based on a flowchart in Kim

and Song (2018):

N(y
j
)5�

i

n
ij

A3Dt3 y
j
3Dy

j

, (9)

V
m
5

�
j

N(y
j
)3 y

j

�
j

N(y
j
)

, (10)

with N(yj) being the velocity distribution in velocity

class j (m23m21 s) and Dyj the width of the velocity

class (m s21).

3. Results

All results are based on quality controlled LPM dis-

drometer data and wind data with a 10-min resolution

from 6-yr measurements at the field site Voulund in

Denmark.

TABLE 3. Overview about missing and removed 1-min intervals and removed drops of the Thies LPM data collected in Voulund,

Denmark.

Year 2012 2013 2014 2015 2016 2017

Intervals (min) 527 040 525 600 525 600 525 600 527 040 525 600

Measured drops 35 977 351 37 261 771 31 255 343 51 559 448 37 268 392 55 170 114

Missing intervals (%) 17.69 5.25 23.61 8.64 5.41 5.16

Con1 intervals/drops (%) 0.07/0.17 0.10/0.07 0.06/0.13 0.02/0.45 0.06/0.07 0.03/0.09

Con2 intervals/drops (%) 0.07/1.33 0.04/1.43 0.04/1.43 0.05/0.86 0.04/0.70 0.09/1.65

Con3 intervals/drops (%) 1.09/11.84 3.34/18.13 0.94/13.94 1.15/7.23 1.41/10.66 1.46/6.58

Con4 intervals/drops (%) 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00

Con5 intervals/drops (%) 5.59/11.54 4.95/11.09 4.37/11.02 6.99/12.40 6.67/13.84 7.03/12.34

Con6 intervals/drops (%) 6.37/0.25 8.64/0.33 10.26/0.50 7.63/0.21 7.41/0.28 11.94/0.30

Con7 intervals/drops (%) 0.01/0.00 0.02/0.00 0.07/0.01 0.01/0.00 0.01/0.00 0.02/0.00

Con8 intervals/drops (%) 0.07/0.01 0.07/0.01 0.06/0.01 0.01/0.00 0.06/0.01 0.13/0.02

Con9 intervals/drops (%) 0.36/0.02 0.36/0.01 0.23/0.01 0.45/0.01 0.33/0.01 0.45/0.02

Con10 intervals/drops (%) 2.36/0.70 2.56/0.51 1.88/0.59 2.36/0.78 2.74/0.98 4.03/0.84

Con11 intervals/drops (%) 1.32/0.99 1.26/0.51 1.21/0.33 1.17/0.31 0.96/0.44 1.18/0.59

Con12 intervals/drops (%) 0.00/0.00 0.08/0.13 0.00/0.00 0.16/0.02 0.07/0.02 0.10/0.08

Con13 intervals/drops (%) 0.14/0.32 1.05/0.15 2.43/0.78 0.04/0.02 0.17/0.53 0.22/0.22

JULY 2020 T I LG ET AL . 1625

D
ow

nloaded from
 http://journals.am

etsoc.org/jhm
/article-pdf/21/7/1621/4981628/jhm

d190251.pdf by D
TU

, TEC
H

N
IC

AL IN
FO

R
M

ATIO
N

 C
EN

TER
 O

F D
EN

M
AR

K user on 29 July 2020



a. Annual and seasonal variation of drop size
distribution, fall velocity, and rainfall kinetic
energy

To analyze the annual and seasonal variation of the

parameters N(D), fall velocity, and KE(D), the LPM

data were divided into four seasons: winter (DJF),

spring (MAM), summer (JJA), and autumn (SON).

For each season and year the mean [N(D), KE(D)]

and median (fall velocity) 10-min value, respectively,

were calculated when the percentage of missing values

in each month of the season was less than 25%.

Furthermore, a seasonal average was calculated using

the data of all years (except the ones with a high

fraction of missing values) and was compared with

empirical fits.

Figure 1 compares the seasonal 10-min mean N(D)

with the yearly seasonal 10-min mean N(D) and the

fitted gamma distribution. For the fitting procedure of

the gamma distribution the seasonal mean N(D) was

used as input as described in Ulbrich and Atlas (1998).

Within the different seasons, most years showed a similar

DSD. In winter the mean of 2013 and 2016, in spring the

mean of 2017, and in summer the mean of 2014 deviated

clearly from the seasonal mean. The seasonal mean

N(D) of winter and autumn had the highest drop con-

centration at the smallest four diameters, while the

seasonal meanN(D) in the summer had the highest drop

concentration for larger diameters. The fitted gamma

distribution provided lower drop concentrations com-

pared to the seasonal mean for diameters up to around

1 mm (except at the first diameter of 0.1875 mm) and

similar or higher drop concentrations for larger diame-

ters. The difference between gamma distribution and

seasonal mean was notable for diameters larger than

5.25 mm, which might be caused by the low occurrence

of drops with this diameter.

In Fig. 2 the seasonal median of the measured fall

velocity is compared with the seasonal median values of

each year and the terminal fall velocity based on the

equation from Atlas et al. (1973). The yearly seasonal

median values were similar to the seasonal median up

to a diameter of 3.25 mm (winter, spring) and 5.25 mm

(summer, autumn). At diameters larger than that, the

FIG. 1. Mean 10-min drop concentration per millimeter diameter and cubic meter of air [N(D)] for different seasons and years. The

orange line describes the gamma distribution fitted according to Ulbrich and Atlas (1998). The number of analyzed 10-min intervals is

given in parentheses for each year separately.
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yearly median values for some diameters deviated no-

tably from each other and from the seasonal median.

Contrarily to N(D), the seasonal median was more or

less the same for all seasons except for larger diameters.

Comparing the seasonal median fall velocity with the

terminal velocity calculated after Atlas et al. (1973), a

clear difference was observed for most of the diameters.

At diameters up to 1.25 mm the seasonal median was

higher than the terminal velocity. In contrast, the sea-

sonal median was lower compared to the terminal ve-

locity at diameters larger than 1.875 mm. The largest

deviation was found for drops with a diameter of

6.25mmand larger, where the seasonal median based on

the LPM measurements showed even a decrease in the

fall velocity. The boxplot of the analyzed measurements

indicated a low variation of the fall velocities, especially

for drops with a diameter of 6.25 and 6.75 mm. Possible

causes for this unexpected result are mentioned in

section 4.

The abovementioned variations of N(D) and fall

velocity influenced KE(D). The seasonal 10-min mean

values of the mentioned years in N(D) also show the

largest deviation from the seasonal mean of KE(D)

(Fig. 3). The mean seasonal peak values of KE(D)

were clearly higher in the second half-year (summer,

autumn) than in the first half-year (winter, spring).

The peak of the seasonal mean KE(D) was highest in

summer where N(D) with a diameter larger than

0.625 mm was highest. The peak of the seasonal mean

in winter was the lowest and only half as high as in

summer. Furthermore, the diameter related to the

peak value of the mean seasonal value was largest in

summer, which may be of due to the higher concen-

tration of larger drops in summer compared to the

other seasons. In general, KE(D) was lower for smaller

drops because of lower mass and slower fall velocity,

while KE(D) was lower for larger drops because these

were few. To estimate the influence of the fall velocity

on KE(D), the seasonal 10-min mean number of drops

per diameter was calculated based on the available

measurements. This number and the terminal fall ve-

locity calculated after Atlas et al. (1973) where used as

input for the line plotted as ‘‘Theor. calculation’’ in

Fig. 3. The comparison with the seasonal 10-min mean

FIG. 2. Median 10-min drop fall velocity per millimeter diameter for different seasons and years. The orange line describes the terminal

velocity described byAtlas et al. (1973). The number of analyzed 10-min intervals is given in parentheses next to the years, and the number

of analyzed drops for the seasonal median is given for each diameter separately on the top of each boxplot.
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value based on the measurements showed that (i) at

smaller diameters KE(D) based on the measurements

was higher probably due to the higher median fall ve-

locities and (ii) the value of the peak as well as the

diameter with the highest peak were different. Higher

terminal fall velocities compared to the median fall

velocities at these diameters could cause the last

mentioned point.

Laboratory tests show that not only single events but

also the cumulative rainfall kinetic energy influence the

erosion of the leading edges of the wind turbine blades.

Therefore, it is beneficial to know the seasonal cumu-

lative KE(D). Figure 4 shows clear differences between

the single years for some seasons (especially winter).

Apart fromdifferences inN(D), these differences can be

related to the number of 10-min intervals with rain. The

peaks of the mean seasonal cumulative distributions

were highest in autumn and lowest in spring. This result

is contrary to the 10-min mean value but caused by

the time where it is actually raining. Independent of

the season, drops with a diameter between 0.875 and

2.25 mm provided between 62% and 69% of the

cumulative KE but constituted only 2%–4% of the

drop concentration.

b. Relationship between wind speed and rainfall
kinetic energy as well as other rainfall parameters

To investigate the relationship between KE, RR,

and wind speed, we analyzed the joint probability of

RR and wind speed affecting the KE. In relation to

LEE this is of interest, because Bech et al. (2018)

propose a reduced tip speed of the wind turbine

blades during events with high RR to reduce erosion.

Furthermore, the joint probabilities of RR and wind

speed affecting the number of 10-min intervals with

rain and the rain amount were also calculated to see

whether similar probabilities can be expected like for

KE. We considered LPM data of the 6-yr observation

period with a temporal resolution of 10 min to deter-

mine the cumulative values of 10-min intervals with rain,

rain amount and KE. In the next step, we calculated the

probability of an increase of 10-min intervals with rain,

rain amount and KE depending on the observed values

within a specific RR interval (,1, 1–5, 5–10, 10–20,

FIG. 3. Mean 10-min rainfall kinetic energy per millimeter diameter [KE(D)] for different seasons and years. The orange line describes

the KE(D) based on the mean seasonal number of drops and the terminal fall velocity described by Atlas et al. (1973). The number of

analyzed 10-min intervals is given in parentheses for each year separately.
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and.20mmh21) andwind speed interval (0–3, 3–6, 6–9,

9–13, and above 13ms21).

The highest probabilities occurred in the wind speed

interval 3 to 6m s21 (Fig. 5). The number of 10-min in-

tervals was dominated by RR , 1mmh21 but rain

amount and KE had their highest probabilities for RR

between 1 and 5mmh21. In fact, for all wind speed in-

tervals, this RR interval caused the highest probabilities

of observing an effect on rain amount and KE.

It is interesting to note that the probability of having a

10-min interval at very low wind speeds (0–3ms21) and a

RR . 20mmh21 was 0.00023. The probability to see an

effect on the rain amount and the KE was higher with

0.0046 and 0.0094. Similar values were observed in the

wind speed interval from 3 to 6ms21. These values are

provided in the supplemental material. For wind speeds

above 9ms21 there is no occurrence of RR. 10mmh21.

The different probabilities to observe aKE increase in

connection to wind speed prompted us to think about

the wind speed dependence of the parameters defining

KE. Therefore, we investigated the correlation between

wind speed and the parameters KE, Dm, NW, and Vm

similar to the approach of Testik and Pei (2017). We

categorized the 10-min measurements by their LWC,

where, for example, values between .0.15 gm23 and

,0.25 gm23 were assigned to the category 0.2 gm23.

The distribution of the parameters was investigated for

each LWC value visually and with the Shapiro–Wilk test

(Wilks 2006). As in most cases no normal distribution

was given, Kendall’s t and its significance were calcu-

lated for all cases (Wilks 2006). By simultaneously

analyzing the significance of Kendall’s t of the LWC

subgroups, the so-called multiplicity problem arises.

The probability of making at least one type I error

(rejection of true hypothesis) increases with an in-

creasing number of individual tests that are based on

the same dataset (i.e., LWC in this study). In literature

different options are presented to tackle this problem.

An easy, and therefore probably popular, method is to

reduce the probability of at least one type I error

(familywise error rate) by adapting the p value for in-

dividual tests with the Bonferroni method (Heiberger

and Holland 2015). Taking an overall probability of

0.05 for a type I error, the Bonferroni method leads to a

FIG. 4. Cumulative rainfall kinetic energy per millimeter diameter [KE(D)] for different seasons and years. The orange line describes

the KE(D) based on the mean seasonal number of drops, the mean number of 10-min intervals with rain, and the terminal velocity

described by Atlas et al. (1973). The number of analyzed 10-min intervals is given in parentheses for each year separately.
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p value of 0.007 for the individual tests of the LWC

subgroups in this study.

Table 4 gives an overview of Kendall’s t values and

their significance regarding LWC values between 0.2

and 0.8 gm23 with 0.1 steps. For higher LWC values the

number of observations was below 30, which we saw as a

too small data sample to analyze.Kendall’s t betweenwind

speed andKEwas significantly negative for all LWCvalues

given in Table 4. A negative value in this case implies a

decrease of KE with increasing wind speed. As KE was

calculated with the vertical fall speed measured by the

disdrometer, one can also interpret this KE value as the

vertical component of the overall KE. The Kendall’s

t betweenwind speed andDmwas significantly negative for

4 out of 7 LWC values. A negative slope means that Dm

decreases with increasing wind speed. In accordance with

this result is the significantly increase ofNWwith increasing

wind for 4 out of 7 LWC values. This result indicates that

the number of small drops increases with wind speed.

Finally, Kendall’s t between wind speed and Vm were

significantly positive for 4 out of 7 individual tests. This

positive correlation implies an increase of Vm with in-

creasing wind speed. The latter result was unexpected as

Dm decreases and is therefore analyzed more deeply in

section 4. The fraction of significant correlations is nearly

the same if applying ap value of 0.05 for the individual tests.

It is noted that Kendall’s t values were quite low. That

means that other parameters apart from wind speed

influence KE, Dm, NW, and Vm.

Figure 6 shows the above described correlation be-

tween wind speed and KE, Dm, NW, and Vm for mea-

surements with a LWC of 0.7gm23. The measurements

FIG. 5. Joint probability of wind speed and rain rate (RR) affecting (a) the number of 10-min intervals with rain,

(b) rain amount, and (c) rainfall kinetic energy (KE) based on 6 years of measurements.
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having a much lower KE, Dm, and Vm and higher NW

compared to the majority are notable. They relate to the

same event and might be either extreme values or values

not captured and removed by the quality control.

c. Relationship between rainfall kinetic energy and
rain rate

Our initial intention was to compare the error of the

KER–RR relationship of Wischmeier and Smith (1958)

and an adapted equation using the same type but coeffi-

cients based on the LPM data from Voulund. The equa-

tion fromWischmeier and Smith (1958) reads as follows:

KER5RR(11:871 8:733 log
10
RR). (11)

The adapted equation was trained using the ordinary

least squares (OLS) method to minimize the sum of

squares of the residuals considering the 6-yr quality-

controlled 10-min LPM data to calculate KE and RR. A

measurement with a RR of 39mmh21 and KER of

720 Jm22 h21 was observed in an event in September

2017. Measurements before and afterward had lower

values (RR , 25mmh21 and KER , 440 Jm22 h21).

We concluded that this measurement is an extreme

value, because nothing similar was observed in the

6 years. Therefore, this value was disregarded (also in

further steps), because we were focusing on general

relationships and less on extreme values. The result

was following regression equation:

KER5RR(9:551 9:663 log
10
RR),

where #30mmh21 . (12)

Both RR–KER relationships are visualized in Fig. 7.

The comparison of the root-mean-square error (RMSE)

and mean absolute error (MAE) using the same data as

for the training of the equation shows that Eq. (12) had a

lower error (Table 5).

When fitting linear regression lines, it is also impor-

tant to analyze the following statistical properties: (i)

normal distribution of the residuals, (ii) homoscedas-

ticity of the residuals, and (iii) linearity of the model.

Equation (12) did not fulfill these assumptions, and

neither did the equation from Wischmeier and Smith

(1958). By training other regression types based on

published relationships mentioned in Petr�u and

Kalibová (2018), it turned out that all of them failed in

this residual analysis.

To overcome this issue, regression lines were trained for

three RR ranges: RR # 1mmh21, 1 , RR # 5mmh21,

and 5 , RR # 30mmh21. The training process can be

described as a forward stepwise selection. To improve the

model performance and to fulfill the mentioned residualT
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analysis, the following two points were considered in the

training phase: (i) transformation of KE to get linearity

and (ii) adding of polynomials to improve themodel. Each

trained model was evaluated by its residual analysis as

well as by the Akaike information criterion (AIC) and the

p value of theF test to consider only significant parameters

in the model.

The statistical training resulted in the following

equations:

KER5 10(20:6814:123RR24:423RR211:923RR3),

where 0:1,RR# 1mmh21 , (13)

KER5 10(0:2810:773RR20:143RR210:013RR3),

where 1,RR# 5mmh21 , (14)

KER5215:221 19:093RR1 0:173RR2,

where 5,RR# 30mmh21 . (15)

All fitted regression lines are plotted in Fig. 7. The

RMSE and MAE values using the same data as for the

training of the equation are listed in Table 5. The com-

parison of the different RMSE values shows that al-

though Eq. (12) fails in the residual analysis, it actually

had a similar error compared to Eqs. (13)–(15) for the

three specific RR ranges that fulfill all requirements.

4. Discussion

The analyzed disdrometer data showed a seasonal

variation of themean 10-min values of KE(D) andN(D)

(Fig. 1, 3).While the high cumulative values of KE(D) in

summer are caused by the higher mean 10-min N(D)

values, the high cumulative values in autumn are caused

by the higher number of 10-min intervals with rain

(Fig. 4). Our findings related to the cumulative KE(D)

are comparable to the one of Davison et al. (2005), who

reports higher KE in summer and autumn in the United

Kingdom using statistical relationships between KE

and daily rain amount. Leek and Olsen (2006) analyze

the erosivity for Denmark using daily precipitation

amounts. They find the highest erosivity factors in late

summer and early autumn. Obviously, the seasonal

FIG. 6. Scatterplot between wind speed and rainfall kinetic energy (KE), mean diameter Dm, intercept parameter NW, and mean fall

velocity Vm considering 10-min measurements with a liquid water content (LWC) of 0.7 gm23. Each subplot contains the number of

observations n, Kendall’s t values, and its significance.
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variation of N(D) influences KE(D). In Denmark rain

in the summer half-year is often caused by convective

events (Mäkelä et al. 2014; Taszarek et al. 2019), while

in the winter half-year rain is more related to fronts

from systems that are coming or forming over the

Atlantic with a high percentage of stratiform rain. As

different microphysical processes cause convective and

stratiform rain, the underlying N(D) is different and

causes the seasonal variation of themean 10-min values

of N(D) and KE(D). The causes for annual variation

are numerous and may be related also for example to

the current sea ice extent or teleconnections (e.g.,

North Atlantic Oscillation). The strong deviation of

the winter values in 2013 from the seasonal mean might

also be influenced by the high percentage of snow in

that winter (see also Con3 in Table 3). The most un-

expected result in this connection is the deviation of the

median seasonal fall velocity from the terminal fall

velocity of Atlas et al. (1973). It was shown that

this deviation influenced the seasonal mean values of

KE(D) observing more KE(D) at smaller diameters

using measured data (Figs. 3, 4). The cause for the re-

duction of the median fall velocity especially at larger

diameters is not completely reasonable, especially as

the values are within the 60% limit of fall velocity set in

the quality control. The wind speed during events with

larger drops was left skewed distributed. Hence, the

lower fall velocity cannot just be explained by high

wind speed like in Thurai et al. (2019). Splashing from

the housing or a wrong classification by the LPM dis-

drometer could be other explanations. Although large

drops are less often observed, it is still important to

know their correct fall velocity to reduce the uncer-

tainty when using them in cumulative KE values. The

FIG. 7. Scatterplot and linear regression lines between rainfall kinetic energy rate (KER) and rain rate (RR).

The included small figure shows a detailed view of the scatterplot and some of the regression lines within

0 , RR , 6mmh21.

TABLE 5. RMSE and MAE considering different relations between rainfall kinetic energy rate (KER) and RR.

RMSE/MAE (Jm22 h21)

Rain rate specific equations

[Eqs. (13)–(15)]

General equation

[Eq. (12)]

Wischmeier and Smith (1958)

[Eq. (11)]

RR # 1mmh21 2.28/1.40 2.26/1.45 2.44/1.58

1 . RR $ 5mmh21 11.40/7.59 11.21/7.53 12.16/8.73

RR . 5mmh21 42.17/31.23 42.24/31.04 31.23/33.26
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effect of nonspherical drops and assuming an equi-

volumetric diameter on the KE values is not investi-

gated in this study. Fernández-Raga et al. (2010) point

out that the volume of drops is overestimated by

assuming a sphere instead an ellipsoid as a drop shape.

Investigations showed that rain events with high RR

had a low occurrence probability. Such events occurred

only at lowwind speeds. For comparison, the probability

of an increase in rain amount and KE during such con-

ditions was higher (Fig. 5). This picture of decreasing

joint probabilities of observing 10-min intervals, rain

amount or KE during high RR and high wind speeds is

supported by Hasager et al. (2020). They also observe

fewer measurements with increasing RR and wind speed.

Furthermore, the decrease of KE with increasing wind

speed is shown by Kendall’s t values in Table 4. This

result is contrary to the result of Pedersen and Hasholt

(1995), Erpul et al. (2003), and Fox (2004) who state an

increase of KE with increasing wind speed. One possible

explanation for this difference is that they compose the

fall velocity into a vertical component (terminal velocity

in still air) and horizontal component (wind speed)

whereas in this study only the measured vertical compo-

nent of the fall velocity for calculating KE was consid-

ered. Fox (2004) writes that at a certain horizontal wind

speed the KE due to the horizontal wind component

dominates over the KE due to the vertical fall velocity.

This is supported by Pedersen and Hasholt (1995) who

show for example that at lowRR theKE increases from 8

to 112 Jm22mm21 considering a wind speed increase

from 0 to 20ms21. The horizontal component also leads

to an impact angle of the drop related to the surface (e.g.,

Erpul et al. 2003). Furthermore, wind adds not only a

horizontal component but also a vertical component as

investigated for example by Kim and Song (2018).

Investigating the wind speed dependence of the KE

defining parameters mass and velocity helps to under-

stand our result better. The mass can be described with

the parameters Dm and NW. Parameter Dm shows a

decrease while NW increases with increasing winds

speed. Testik and Pei (2017) report the same result

mentioning breakup of drops as a cause. The change of

Dm and NW would lead to a reduction of KE when

keeping the fall velocity constant. In contrast, the pa-

rameter Vm showed an increase with increasing wind

speed. That would lead to an increase of KE when

keeping themass/diameter constant. As a simplification,

one could say that as themass (Dm andNW) goes into the

equation of KE with the power of three, the velocity

(Vm) only with the power of two, the increase of Vm

cannot compensate the reduction of KE due to smaller

Dm. However, one would expect a decreasing Vm due to

decreasing Dm values. In general, an increase of the fall

velocity of drops with increasing wind speed is correct if

considering the resultant fall velocity as vector addition

of vertical and horizontal movements (see Fig. 1 in

Pedersen and Hasholt 1995). Hence, an increase of the

wind speed can compensate the reduction of fall velocity

due to a smaller diameter. Furthermore, Montero-

Martínez and García-García (2016) observe an increase

of the number of drops with superterminal velocity

during high wind speeds for drop diameters smaller than

0.7 mm. They mention that one of the reasons might be

that the drop was involved in a breakup process shortly

before being measured and has still the higher velocity

of its parent drop. Nevertheless, measuring fall veloci-

ties during high wind conditions is challenging and

measurement errors are unavoidable when using a laser

disdrometer like LPM. These measurement errors can

be observed because the drop is not falling in the center

of (Frasson et al. 2011) or with an angle through

(Angulo-Martínez et al. 2018) the laser beam.

It is important to note that situations with a high KE

do not need necessarily lead to erosion of soil or wind

turbine blade material. Factors like impact angle, soil

type/wind turbine blade material, liquid layer on the

surface, or the shape of the drop also play an important

role for the drop impact and therefore in the erosion

process (Yarin 2006).

By training regression equations for different RR

intervals based on measured LPM data from Voulund

to describe a statistical relationship between KER and

RR, we were able to (i) fulfill the requirements of the

residual analysis for regression lines and (ii) reduce

the RMSE compared to the KER–RR relationship

from Wischmeier and Smith (1958). Figure 7 and

Table 5 show clearly that Wischmeier and Smith

(1958) do not describe the relationship between KER

and RR properly in the investigated area. This might

be different for other regions in the world. From lit-

erature it is obvious that the focus is to find a general

KER–RR equation for all RR and less on considering

statistical assumptions or different equations for dif-

ferent RR intervals. In times of higher computational

power the latter reservation should no longer be a

constraint. However, the weakness of the statistical

relationship between KER and RR is that the same

RR can have different underlying DSD. A way to re-

duce the uncertainty could be to add further variables

to the regression equations like Dm as suggested by

Carollo et al. (2017). Wen et al. (2019) present data

from East China and shows that KER–RR relation-

ships based on seasonal data improve the KER esti-

mation as well. Angulo-Martínez and Barros (2015)

mention that the disdrometer sensor also has an in-

fluence on the KER–RR relationship, as DSD from
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different disdrometers do not agree and can lead to

different KER–RR equations for the same location.

5. Conclusions

Rainfall kinetic energy (KE) is one of the main

sources for erosion, both soil erosion and erosion of the

leading edges of turbine blades (LEE). To improve our

understanding of conditions with high KE, we analyzed

6 years of quality controlled Thies Laser Precipitation

Monitor (LPM) disdrometer data and wind data in

Denmark.

The annual and seasonal variations of the drop size

distribution (DSD) and the fall velocity are linked to the

annual and seasonal variations of rainfall kinetic energy

(KE). Furthermore, high cumulative KE in summer are

caused by high values of N(D), while the high cumula-

tive KE in autumn are caused by a high number of

10-min intervals with rain. These results show that in

Denmark KE varied clearly during the year and

therefore also the probability of events with high KE.

Independent of the location, the seasonality aspect is

of interest for the wind turbine blade inspections,

where the status of LEE is usually checked in sum-

mer, and in agriculture, where the ground cover on

the fields becomes less in autumn in the mid- and high

latitudes.

Considering only the 10-min intervals with rain, the

probability of observing rain is highest for a rain rate

(RR) below 1mmh21. In contrast, the probability of an

increase in rain amount or KE is highest for a RR be-

tween 1 and 5mmh21. We also showed that rain events

with RR. 10mmh21 occurred only for wind speeds up

to 9ms21. The probability of observing a 10-min inter-

val with such high RR was lower compared to the

probability of an increase in rain amount or KE. This

result is valuable for investigating the consequences of

decreased tip speeds during severe rain events on the

power production of wind turbines. As decreased tip

speeds lead to lower power production, there is an in-

terest to know the magnitude of power production loss.

Correlations indicate that the vertical component of

KE decreases during events with high wind speeds, be-

cause of DSD changes. This result is in accordance with

literature, where an increase of the horizontal compo-

nent of KE due to the increased horizontal movement is

described. Hence, the impact angle of the drop gets

more important when determining the overall KE. This

aspect is important to consider for LEE, where wind

turbine blades are rotating and the impact angle changes

continuously.

In principle, each rain event has the potential to pro-

vide high KE. As RR from rain gauges and weather

radars are easier available than disdrometer measure-

ments, rainfall kinetic energy rate (KER) is often es-

timated based on RR. An adapted method is presented

to improve the reliability of empirical fits between

these two parameters. Investigations showed that well-

known equation types often do not fulfill statistical

assumptions like residual distribution.

Summarizing, based on the presented results, the

probability of high rainfall kinetic energy is highest in

summer and autumn. The wind reduces the vertical

component but according to literature increases the

horizontal component of KE.
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